Inferences about evolution are often made from interspecific comparisons in which species-specific traits are compared on the basis of within-species sampling (Harvey and Pagel 1991) . Interspecific comparisons have traditionally been performed with comparative tools that are designed to control for the phylogenetic relatedness of species, which is needed to fulfill the statistical criterion of independent data points (Felsenstein 1985) . Such phylogenetic comparative methods have been extensively used to make inferences about correlated trait evolution (Martins and Hansen 1997; Pagel 1999; Freckleton et al. 2002; Felsenstein 2004 ). However, it has recently been recognized that these approaches do not automatically deal with other statistical assumptions that are also of concern in relation to phylogenetically structured interspecific data (Ives et al. 2007; Freckleton 2009; Garamszegi and Møller 2010) . These assumptions are associated with distributional issues, covariance structures, evolutionary processes, and within-species variance and data quality. The present cautionary note elaborates on assumptions about data quality.
MISSING DATA AT THE WITHIN-AND BETWEEN-SPECIES LEVELS Given that in most comparative studies some species are usually more accessible for sampling than others, data are not unlimitedly and homogeneously available for all species. Such variation in within-species sample size calls for careful consideration of issues about missing data and differences in the reliability of available data (Calhim and Birkhead 2007; Nakagawa and Freckleton 2008; Garamszegi and Møller 2010) . The former phenomenon refers to the situation when information is completely lacking for some species, and such nonsampled species will be represented with missing data in an interspecific context. The latter phenomenon applies if information is obtainable for all the species considered, but to a different degree. In this case, there will be no missing data at the interspecific level, but data quality will be heterogeneous because species-specific averages derived from many intraspecific observations will be more reliable than estimates based on few observations. These two issues are closely associated with each other through within-species sample size, as missing data may represent a special case of heterogeneity (i.e., within-species sample size varies among species), when within-species sample size is zero. In contrast, heterogeneity in data quality may also be treated as a consequence of missing data because missing information for unequal numbers of individuals serve as a basis for variation in within-species sample size. Hereafter, we use the terms "data availability" or "sampling effort," respectively, to refer to these two phenomena in a general sense.
Under these scenarios, the statistical criteria to be examined are that 1) observed entities provide a representative sample for the entire range of natural variation (i.e., missing data occur at random) and 2) each data point obtained provides equally precise information about the deterministic part of total process variation (i.e., data quality is constant across observations) (Sokal and Rohlf 1995; Zar 1996) . We note that these assumptions are not specific to phylogenetically structured interspecific data but are also relevant for other statistical analyses such as analysis of between-individual patterns. Moreover, nonrandomly available species-specific information at the species level can potentially cause bias in meta-analyses as missing or underrepresented species will be missing from the pool of intraspecific studies (Pigott 2009 ). However, we infer that the consideration of these issues is particularly important for between-species comparisons for two reasons. First, it is very likely that interspecific data sets are particularly affected by data of heterogeneous quality (see next paragraph). Second, the effect of missing data and unbalanced within-species sampling may interact with phylogenetic effects in a complex manner (Garamszegi and Møller 2007; Ives et al. 2007; Felsenstein 2008) .
THE SOURCES OF NONRANDOMLY MISSING DATA
Comparative studies often derive data from different sources that have applied different approaches and sampled different numbers of individuals, which should increase variation in data availability and reliability (Smith and Jungers 1997) . For example, in a metaanalysis of nearly 200 comparative studies, we found that the problem posed by heterogeneous data quality is more pronounced when using mixed data from the literature than when relying on a single source (Garamszegi and Møller 2010) . Moreover, even if researchers collect their own data by applying consistent estimation accuracy and sampling effort for all species investigated, true biological variation due to species-specific effects may result in unbalanced sampling. The reason for this is that for any trait measured or estimated, subject individuals always must be detected, encountered, and/or captured for sampling, which is not a random event. Having different ecology, life history, phylogenetic position, and behavior, species can vastly differ in their probability of being sampled. Such differences in detection/capture probability of species delineate an important issue in community ecology that should be considered when estimating species richness (Boulinier et al. 1998; Gotelli and Colwell 2001; Kery and Schmidt 2008) . In a comparative context, if species are more likely to have limited or missing data for any biological reason (see below), the assumptions about nonrandom sampling and homogeneous data quality will be affected.
Several characteristics of species can be hypothesized to determine the likelihood of sampling. For example, abundance and population density may play an important role because rare species should be more difficult to observe or capture due to their lower encounter rate than common species. As a consequence, common species will be represented with larger sample sizes, whereas rare species will more often have missing or limited data. Similarly, several ecological factors may constitute constraints for sampling probability as target species inhabiting inaccessible environments (e.g., high altitudes, mangroves, deep sea, or the canopy level of tropical forests) or species that live under extreme weather conditions (arctic or deserts) may be hard to collect. On the other hand, species inhabiting certain environments such as urban habitats may be easier to collect than specialists of specific habitats that are less accessible for human observers. Furthermore, life history may also involve factors that influence the probability of sampling. Species that have ephemeral or solitary life may be underrepresented in the collected sample in comparison with species that live long and breed in large colonies because individuals of the latter species can be collected in larger samples. Such attributes are often associated with body mass, which can determine several life-history traits (Vitone et al. 2004; Webster et al. 2004; Møller 2006 ; e.g., Kamilar et al. 2010) . Additionally, body size can also have direct implications for a suitable within-species sample size if small-bodied subjects are practically more difficult to detect, collect, or capture than large subjects. This may occur, for example, because smaller subjects are difficult to see by the human observer or, in the case of animals, they may move faster and be more agile to avoid a trap (however, faster movements may actually increase detectability if movement is the cue to the presence of an individual) that have consequences for trappability. Finally, if subjects are individuals that display behaviors, these traits can determine how such individuals can be sampled by visual observation or direct capture. Species mainly having risk-aversive individuals may be expected to remain underrepresented in interspecific data. This can happen if they are more likely to flee due to human disturbance (potential predator) or in the presence of a trap (novel object that generates fear). Moreover, specific behavior can serve as a basis for observation, and thus, information for that behavior can only be obtained in species that actually display that behavior at a high rate (this is a typical problem when sampling avian song based on song recordings for example). Importantly, the above factors may in effect be nonrandom with regard to the phylogenetic relationships of species, and thus, withinspecies sample size may also be dependent on phylogenetic history. As such, there may be systematically fewer data available for closely related species that are uniformly challenging to study due to a shared phenotype that mediates their reduced probability of being sampled (e.g., demography, ecology, life history of behavior). Given that the above potentially confounding issues may emerge in various contexts, the problems posed by nonrandom sampling and missing data are of widespread relevance for comparative biologists working on different taxa.
Note that biological factors causing nonrandom absence of data may not only affect availability of tip data (i.e., species-specific traits that are traced on the phylogenetic tree of species) but also cause data loss due to incomplete knowledge about phylogenetic associations. Even when a character state or value can be reliably estimated for a species, it may be treated as missing in a comparative context if its phylogenetic position cannot be determined. Therefore, it is equally important to ask whether species with uncertain phylogenetic associations share any biological characteristics that would imply nonrandom taxa exclusion.
CONSEQUENCES OF MISSING DATA The nonrandom appearance of missing information poses the following problems in a phylogenetic comparative context (see also Allison 2002; Little and Rubin 2002, for general review). Species for which there is no data at all (within-species sample size is zero) will be systematically ignored in the phylogenetic analyses. Hence, constraints on data availability will set an upper limit for interspecific sample size, and missing data will raise issues about statistical power and measurement error (Wang et al. 2008; Davey and Savla 2009; Lu et al. 2009 ). This effect becomes particularly pertinent if more than one variable is involved in the analysis. In such instances, problems due to missing data accumulate because it is rarely the case that the investigated variables contain missing values for the same species. The usual VOL. 60 treatment of missing data requires the case-wise deletion of cases, which can thus cause serious inflation of sample size at the between-species level.
However, missing data do not only reduce statistical power through case-wise deletion but can also introduce bias in terms of parameter estimation or model selection in various statistical designs as shown by simulation studies (Little 1995; Enders 2001; Tang et al. 2003; e.g., Alosh 2009; Nakagawa and Freckleton 2010; Yoo 2010; Liu 2011 ). This problem is particularly pertinent if the invisible fraction of data is nonrandom, that is, when the probability of a value being absent for a variable is related to other variables in the analyses or to a latent variable. At the intraspecific level, if individuals that die before captured are not sampled, inferences taken from the sample of surviving individuals for viability selection might be misleading (Hadfield 2008) . Similarly, trapped animals tend to come from the riskprone and explorative proportion of the population (Garamszegi et al. 2009 ), or they have smaller brains and reduced cognitive abilities (Møller 2010) , and thus the subsample taken will not represent the entire population, which can change the results and conclusions. In a comparative context, if species are more likely to have missing data than common species due to any ecological, demographical, life-history or behavioral feature, the sample of species included will be biased with regard to the same feature. Therefore, phylogenetic correlations could be affected. The same problem can be applied in association with variation in within-species sample if available sample sizes vary in parallel to a latent variable.
Biases might occur not only when the interest is to test for trait correlations across these species but also when patterns of character evolution are of interest, for example, when speciation and extinction rates are estimated or ancestral states are reconstructed (Huelsenbeck and Bollback 2001; Pagel et al. 2004; Maddison et al. 2007) . If common species are more likely to express trait A, whereas rare species have trait B with more missing values, ancestral state estimations based on parsimony tend to favor state A at the root of the phylogeny independent of the unbiased distribution of states A and B in the phylogeny. However, issues about missing data are also relevant for character reconstruction in a likelihood or Bayesian context as both incomplete phylogeny and missing character data can have general consequences for detecting differential diversification (Ree and Donoghue 1999; Oakley 2003; Xiang and Thomas 2008; FitzJohn et al. 2009 ).
In spite of their theoretical relevance, we infer that the problems posed by heterogeneous sampling and missing data are currently being severely neglected in the comparative literature. We have recently reviewed nearly 200 phylogenetic comparative studies and found that issues about balanced sampling are rarely considered (Garamszegi and Møller 2010) . Only a small proportion of studies present within-species sample sizes, but none of these tested if these correlate with the focal variables being compared, or if sampling effort varies irrespective of phylogeny. Therefore, in most cases, it is invalid to assume in comparative studies that missing data and variation in within-species sample size occur randomly. This ignorance is somewhat surprising in comparison with the attention being paid to biases shaped by phylogenetic relationships.
RECOMMENDATIONS FOR DATA ANALYSIS We recommend that the problem posed by missing information in comparative data sets to be treated at least at four levels. First, one could adopt a research design in which sampling bias is, at least, reduced. The ideal case would be to collect substantially large sample sizes for all species of the investigated taxa, although designing such studies is usually impractical. However, one may try to balance within-species and between-species sample size in a way by which rare species will also be represented in the data set. Moreover, it may be desirable to systematically sample species and individuals for the variables and taxa of interest (e.g., Møller et al. 2001) or to compare different populations of the same species (e.g., Marko 2005) .
Second, one can perform diagnostic statistics prior to the main analyses. In these tests, the observer may want to ask if the sample of species with data is representative for the taxon investigated (Garamszegi and Møller 2010) and if variation in within-species sample size occurs randomly. These analyses should aim at identifying biological variables that predict missing data or variation in within-species sample size. The key issue during these diagnostics is to examine if the occurrence of missing information (at any level) is random with respect to the focal variables. To perform these tests, it is necessary to consider (and understand) whether the sampling or trapping method used to obtain the comparative data can cause bias. The potential for sampling bias may vary across sampling methods, animal taxa investigated, and the variables of interest, and thus, it is necessary to formulate predictions about the causes of missing information for each data set at hand. Therefore, the diagnostics should potentially include tests for phylogenetic signal in the within-sample size data as well.
Third, the above-obtained information about the determinants of data availability should be taken into account at the level of analyses. For example, if sample size or missing data are a function of population density, it may be useful to include this variable as a predictor in the analysis to control for its biasing effect. Additionally, techniques are available that replace missing values by data imputation or augmentation (Little and Rubin 2002; Raghunathan 2004; Horton and Kleinman 2007; McKnight et al. 2007 ). Such methods have been proven to work efficiently when data are structured by phylogenetic relationships (Fisher et al. 2003) . Given that missing data and heterogeneity in data quality represent the same problem in essence, imputation/augmentation methods can potentially be used to deal with both problems. Accordingly, missing values can be imputed at both the within-species and the between-species level to increase the number of individuals and species, respectively. Imputations based on Bayesian techniques allow determining functions that allow missing data to be recovered (Kong et al. 1994; Cowles et al. 1996; Austin and Escobar 2005) . Therefore, such methods can potentially use observed functions that are identified during the diagnostic process, and thus, imputed data will be corrected for the confounding factors that determine data availability. A special task is to incorporate the phylogenetic relatedness of species into this imputation process as this might be inevitable if missing information is not arranged randomly within the phylogeny. We note, however, that these imputation techniques have limitations as they rely on certain assumptions (e.g., missing values should come from the same distribution), which are unexplored in the phylogenetic context. Recently, Hadfield and Nakagawa (2010) provided a method based on Bayesian data augmentation, which can potentially be used to deal with missing data in comparative contexts, but such method awaits further tests with real biological data.
Specific solutions can be applied to correct for heterogeneous data quality caused by unequal sample sizes. This can involve the adoption of a threshold criterion to discard species that are represented with low sample size (Calhim and Birkhead 2007) or the weighting of each observation by sample size or other measures of sampling effort in a weighted regression or correlation (Draper and Smith 1981; Neter et al. 1996; Møller and Nielsen 2006; Garamszegi and Møller 2007; Isvaran and Clutton-Brock 2007) . These approaches do not generate missing data, and the threshold criterion or the statistical weights can be further structured by certain biological factors. Hence, species with particular characteristics may remain overrepresented during the course of the analysis. For example, common species will be systematically given higher weights, and thus, the slope estimate will be more applicable to these species than to rare species.
Fourth, issues about missing data should be considered at the level of interpretation. If there is a hint that missing data occur in a nonrandom fashion, particular care is needed when making generalizations beyond the data (Freckleton 2009 ). Moreover, the observer may examine the efficiency of how the bias due to nonrandom sampling was treated, that is, whether all potential determinants of missing data were identified and were subsequently eliminated at the level of analyses. FUNDING L.Z.G. received a "Ramon y Cajal" research grant from the Spanish National Research Council (Consejo Superior de Investigaciones Científicas-CSIC, Spain). The study was supported by the "Plan Nacional" program of the Spanish government (grant numbers CGL2009-09439 and CGL2009-10652).
